The large deployment of plug-in electric vehicles (PEVs) challenges the operation of the distribution network. Uncoordinated charging of PEVs will cause a heavy load burden at rush hour and lead to increased power loss and voltage fluctuation. To overcome these problems, a novel coordinated charging strategy which considers the moving characteristics of PEVs is proposed in this paper. Firstly, the concept of trip chain is introduced to analyze the spatial and temporal distribution of PEVs. Then, a stochastic optimization model for PEV charging is established to minimize the distribution network power loss (DNPL) and maximal voltage deviation (MVD). After that, the particle swarm optimization (PSO) algorithm with an embedded power flow program is adopted to solve the model, due to its simplicity and practicality. Last, the feasibility and efficiency of the proposed strategy is tested on the IEEE 33 distribution system. Simulation results show that the proposed charging strategy not only reduces power loss and the peak valley difference, but also improves voltage profile greatly.
Introduction
The intensification of environmental pollution has drawn people's attention to renewable energy generation, electric vehicles (EVs) and some other energy scavenging technologies [1] . As a clean, efficient and eco-friendly means of transportation, plug-in electric vehicles (PEVs) are widely used throughout the whole world. However, the high penetration of PEVs will lead to large amount of power consumption, which will increase the load burden of the distribution network [2] . Meanwhile, the uncoordinated charging of PEVs will also bring negative impacts on the distribution network, such as overloading, increased power loss, voltage drop and so on [3] . In [4] , the specific impacts including power loss and voltage deviation have been discussed under uncoordinated and coordinated charging scenarios, the results showed that the uncoordinated charging of plug-in hybrid electric vehicles (PHEVs) reduces the efficiency of the distribution network. The potential impacts from various levels were investigated in [5] , where simulation results illustrated that the uncontrolled charging of EVs could also result in levels of unbalance. The power quality impact assessment was conducted in [6] , which considered the random operating characteristics of PHEVs. A stochastic approach based on actual measurements and survey data was proposed in [7] to analyze the voltage and congestion impacts of electric vehicles (EVs), the conclusion was that the security problems caused by EVs can be 
Construction of Trip Chain and the Transition Probability
Studies reveal that drivers usually both start and end all their trips at home. In addition, for private cars, the average length of trip chain is 3.02 [18] . Therefore, no more than three trip destinations are considered in this paper and the starting and terminal point is specified as home. Therefore, the trip chains of PEVs are constructed only between these four zones, as shown in Table 1 . 
Type Trip Chain 2 trips H-W-H H-P-H H-O-H 3 trips H-W-P-H H-P-W-H H-P-P-H H-W-O-H H-O-W-H H-O-P-H H-W-W-H H-P-O-H H-O-O-H
In Table 1 , a trip represents the movement between the original and final locations. For example, a trip from home to public place is defined as H-P. It is assumed that the movement of PEVs between different zones conforms to the discrete markov process [19] , then transitional probability from state Di to state Dj is given by (1):
Correspondingly, the transition probability matrix of PEVs between zones in this paper can be obtained as: 
where the transition probability of each trip can be obtained by NHTS data.
Charging Load of PEVs
The charging load of PEVs depends on many important factors, such as charging location, charging mode and the number of PEVs. As mentioned in Section 2.1 and 2.2, the trip destination appearing in a trip chain indicates that users may stay and charge at the corresponding charging location. However, it is unreasonable to assume that PEVs could be charged anywhere, because of limited charging facilities. Therefore, the charging location is specified as the charging station in 
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In Table 1 , a trip represents the movement between the original and final locations. For example, a trip from home to public place is defined as H-P. It is assumed that the movement of PEVs between different zones conforms to the discrete markov process [19] , then transitional probability from state D i to state D j is given by (1):
Charging Load of PEVs
The charging load of PEVs depends on many important factors, such as charging location, charging mode and the number of PEVs. As mentioned in Sections 2.1 and 2.2, the trip destination appearing in a trip chain indicates that users may stay and charge at the corresponding charging location. However, it is unreasonable to assume that PEVs could be charged anywhere, because of limited charging facilities. Therefore, the charging location is specified as the charging station in different zones, including residential charging station (RCS), working area charging station (WCS), public leisure area charging station (PCS) and other regional charging station (OCS).
Generally, the PEV charging mode can be divided into slow charging mode and fast charging mode [20] . The slow charging mode is usually adopted at home or the workplace, with low charging power and long charging duration. It is assumed that slow charging mode is used at RCS and WCS. The fast charging mode provides a high charging power, which is also called urgent charging. In fast charging mode, PEVs can be fully charged in a short time. Therefore, the fast charging mode is adopted in PCS and OCS.
After the determination of charging location and charging mode, the charging load can be obtained by (3):
where P Z,t is the load of charging station Z at time t, Z ∈ {RCS, WCS, PCS, OCS}; N Z is the number of PEVs in charging station Z; P Ch ∈ {P ChF , P ChS } is the charging power, P ChF is the fast charging power, P ChS is the slow charging power; S ne,t is the charging state of the ne th PEV at time t, if charging, S ne,t = 1,else, S ne,t = 0. In this paper, the number of PEVs in each charging station is not deterministic, it varies in a range, and depends on the demand of users. Its formula is as follows:
where N EV is the total number of PEVs in the distribution network; p Z is the parking probability for charging station Z; p Z,max and p Z,min are the maximum and minimum value of p Z , which can be obtained through the analysis of historical information and the transition probability. The charging condition of PEVs is set as follows:
where T a is the arrival time, and the arrival time for each charging station is different, but each follows the normal distribution [21] denoted by T a~N (µ T , σ 2 T ), µ T is the average value and σ T is the standard deviation. In this paper, it is assumed that PEVs can be charged immediately when arriving at the station. Therefore, the initial charging time of PEV is the arrival time. T c is the charging duration, which can be calculated by (6) :
where SOC s and SOC f are the initial and final state of charge (SOC), respectively; B c is the battery capacity, λ is the charging efficiency. On this basis, the spatial-temporal load model of PEVs that can be directly applied in the coordinated charging procedure is established, and the flow chart is shown in Figure 2 . 
Problem Formulation and Methodology
In this paper, the specific spatial and temporal optimal charging strategy of PEVs is proposed to mitigate impacts on distribution network, including power loss reduction and voltage profile improvement. It considers the moving characteristics of PEVs and expands the charging location from a single residential charge to a full-area charge. Based on the analysis of the spatial and temporal distribution of PEVs, the optimal strategy is achieved by adjusting the number of PEVs to shift charging load to different areas.
Objective Function
Power loss is an important economic concern of distribution networks, and occupies more than 40% of the total network loss [22] . It is necessary to minimize power loss for the economic operation of the distribution network. The expression of DNPL is as follows: Figure 2 . The determination of the spatial and temporal distribution of PEVs.
Problem Formulation and Methodology
Objective Function
Power loss is an important economic concern of distribution networks, and occupies more than 40% of the total network loss [22] . It is necessary to minimize power loss for the economic operation of the distribution network. The expression of DNPL is as follows:
where T t is the total number of charging periods, and is set as 24; N branch is the total number of branches; R l is the resistance of branch l; I l,t is the current of branch l at time t.
From the distribution network operator, the voltage deviation partly represents the power quality concern, which is essential to the safe operation of the distribution network [23] . It is important to avoid large voltage deviations. The expression of MVD is as follows:
where N node is the total number of nodes; U i,t is the voltage of node i at time t; U N is the rated voltage. The problem involves multi-objective optimization, and two optimization targets are considered in the proposed model. Although some algorithms, such as the Pareto solution set method [24] and the lexicographic method [25] , are efficient for solving multi-objective optimization, the linear weighting-sum method [26] is used here for its better practicability and convenience. The two optimization goals are first normalized to the same range and then processed into a single objective function. The total objective function is formulated as follows:
where f 1 is the normalized maximal voltage deviation; f 2 is the normalized power loss; α and β are the weight coefficients.
Determination of Weight Coefficient
The judgment matrix method is a reliable quantification method to determine the weight coefficients [27] . It classifies all objectives into different scales according to importance, and then form a square matrix based on standardized scores. Usually, the scales 1, 2, 3, · · · , 9 and their reciprocals are used to represent the relative importance. The meanings are shown in Table 2 [28]. Table 2 . The rule of constructing the judgment matrix.
Scale Meaning

1
The two goals are of equal importance 3
One is slightly more important than the other 5
One is obviously more important than the other 7
One is strongly more important than the other 9 One is extremely more important than the other
In this paper, the DNPL is considered slightly more important than the MVD. Therefore, the judgment matrix is formed as:
By solving the eigenvalues and characteristic vectors of the matrix [29] , the weight coefficients of each subgoal can be obtained α = 0.75, β = 0.25.
System Constraints
The first equality constraint is set for the power flow, which is as follows:
where P i,t is the active power of node i at time t; Q i,t is the reactive power of node i at time t; U i,t and U j,t are the voltage amplitude of node i and node j at time t, respectively; δ ij,t is the voltage angle between node i and node j at time t; G ij is the conductance between node i and node j; B ij is the susceptance between node i and node j.
The second constraint is set for the node voltage, which is as follows:
where U min is the minimum value of node voltage, which is set as 0.9 pu; U max is the maximum value of node voltage, which is set as 1.1 pu. The third constraint is set for PEVs:
Solving Method
The coordinated charging of PEVs is a complex nonlinear optimization problem, which can be solved by many kinds of modern heuristics algorithm, such as ant colony algorithms [30] , genetic algorithms [31] and PSO algorithms [32] . Due to its simplicity and convenience, the PSO algorithm with an embedded power flow program is applied to solve the optimization problem. The inner-layer power flow calculation is carried out by back/forward sweep method, which is widely used in power systems. According to the calculated fitness function, the outer PSO algorithm constantly searches for the optimal results until the termination condition is satisfied. The specific steps are as follows:
Step 1: Input raw data, including parameters of the distribution network and PEVs.
Step 2: Specify some parameters associated with PSO, such as the population size N S , the dimension of particle D, the maximum number of iterations M.
Step 3: Randomly generate the initial particle swarm. In the optimization model of this paper, once the parking probability of PEVs in area Z is determined, the number of PEVs parked at different charging stations is also obtained. Therefore, the parking probability of PEVs is set as unknown quantity X in the PSO algorithm. Every particle has D dimensions, each dimension represents the number of PEVs parking at the corresponding charging station besides RCS. Because for all PEVs in this paper, the last trip destination is specified as home, the parking probability in RCS is a constant.
Step 4: Carry out the power flow calculation to initialize the fitness function. In the inner-layer program, set the sample array of the charging load of different charging stations including Ppcs [T], P R cs [T], P O cs [T], P W cs [T] and perform the power flow calculation, T = 24. During the calculation, the power flow equation and voltage constraint would be satisfied automatically. In addition, the load distribution of PEVs is also initialized.
Step 5: Update the inertia weight and learning factors of particle swarm by (14) :
where ω is the inertia weight, ω max is the maximum value of ω, ω min is the minimum value of ω; c a and c b are two learning factors; c aini is initial value of c a and c afin is the final value of c a ; c bini and c bfin are the initial and final value of c b , respectively.
Step 6: Update the velocity and position of particle swarm by (15):
where x nd (m) and v nd (m) are the position and velocity along dimension d of particle n in iteration m, respectively; x pn (m) is the best position of each particle; x g (m) is the best position among all the particles in the population; rand a and rand b are random numbers within a range of [0,1].
Step 7: To avoid the particle flying beyond its scope of velocity and position, the constraints of charging demand are handled as follows:
where v min and v max are the minimum and maximum value of velocity, respectively; x max is the maximum value of position, x min is the minimum value of position, p RCS is the parking probability for RCS.
Step 8: Carry out the power flow calculation again, update the fitness function. During the power flow calculation, the charging load of PEVs in different charging stations is also updated.
Step 9: Repeat Steps 5-8 for M times.
Step 10: Output the best position as the optimal solution, then we can obtain the optimal charging load of PEVs.
The whole process of coordinated charging of PEVs based on PSO algorithm is shown in Figure 3 . 
Case Study
Case Description
In this paper, the IEEE 33 distribution system is used to demonstrate the proposed model and method. The system structure diagram is shown in Figure 4 . The PCS, RCS, WCS and OCS are located at node 5, 8, 12 and 29, respectively. For each node of the IEEE 33 system, the load data is from the measured data of a real-urban area in China [33] . In addition, the typical daily load curve is shown in Figure 5 . For all kinds of charging stations, SOC s obeys the normal distribution N (0.5, 0.1), SOC f is set as 1, and the relevant parameters of the PEVs [34] and the PSO [35, 36] algorithm are shown in Table 3 . For better comparison, five different cases are described as follows:
Case 1: No PEVs connected to the distribution network. Case 2: Random uncoordinated PEV charging may occur anytime and all PEVs charge only at RCS.
Case 3: The coordinated charging strategy is applied here and the charging probabilities at RCS, WCS, PCS and OCS are set as 0.5, 0.3, 0.1 and 0.1, respectively. Here, only DNPL is selected as the optimization objective.
Case 4: All the conditions are set the same as case 3, but only MVD is selected as the optimization objective.
Case 5: The multi-objective optimization under coordinated charging is conducted.
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The optimization is repeated 50 times, and the results are shown in Table 6 . Over 50 runs, the final simulation results are chosen based on the best fitness value, which is closest to the average value in Table 6 . Figure 6 shows the convergent curve of the PSO algorithm. The calculation time in all cases is less than 120 s. Therefore, the PSO algorithm finds the best fitness values with fast convergence rate, which shows the superiority of the algorithm. all cases is less than 120 s. Therefore, the PSO algorithm finds the best fitness values with fast convergence rate, which shows the superiority of the algorithm. The values for the obtained parking probabilities in PSO are shown in Table 7 . In addition, according to Table 1 and the transition probability shown in Table 4 , the parking probability for RCS can be obtained as pRCS = 0.6866, which is the same value in different cases. The simulation results of DNPL and MVD in different cases are shown in Table 8 . From Table 8 , it is observed that compared with case 1, the DNPL and MVD in case 2 are both greatly increased with uncoordinated PEVs connected to the distribution network. To mitigate these negative impacts, the coordinated charging strategy is adopted in case 3-case 5. In case 3, the DNPL is maximally reduced to 3.358 MW, and in case 4, the MVD is maximally reduced to 0.3136 pu. In case 5, both the DNPL and MVD are taken as the objective functions with a weight ratio of 3:1. Compared with case 2, the DNPL is reduced to 3.372 MW and the MVD is reduced by 10.5%, which achieves satisfactory result of both DNPL and MVD. The values for the obtained parking probabilities in PSO are shown in Table 7 . In addition, according to Table 1 and the transition probability shown in Table 4 , the parking probability for RCS can be obtained as p RCS = 0.6866, which is the same value in different cases. 
Parameters Mean Variance
Objective Functions Analysis
The simulation results of DNPL and MVD in different cases are shown in Table 8 . From Table 8 , it is observed that compared with case 1, the DNPL and MVD in case 2 are both greatly increased with uncoordinated PEVs connected to the distribution network. To mitigate these negative impacts, the coordinated charging strategy is adopted in case 3-case 5. In case 3, the DNPL is maximally reduced to 3.358 MW, and in case 4, the MVD is maximally reduced to 0.3136 pu. In case 5, both the DNPL and MVD are taken as the objective functions with a weight ratio of 3:1. Compared with case 2, the DNPL is reduced to 3.372 MW and the MVD is reduced by 10.5%, which achieves satisfactory result of both DNPL and MVD. Figures 7 and 8 show the daily power loss and maximal voltage deviation, it can be found that during the peak period of load demand, both the power loss and maximal voltage deviation reach the maximum value, which increases the operation risk. From Figure 9 , it can be observed that the power loss of every branch in the distribution network is very small after optimization, which avoids obvious economic loss. Figure 10 shows the node voltage of the distribution network in case 5. In Figure 10 , the voltage of each node at each moment is between 0.95 pu and 1.05 pu, which validates the effectiveness of the coordinated charging strategy in voltage profile improvement.
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Peak Valley Load Analysis
The daily load curve of the distribution network in different cases is shown in Figure 12 and the peak valley load values are shown in Table 9 . In case 1, the peak-valley difference is 1.101 MW. With the large number of PEVs randomly connected to the distribution network, the fluctuation of the daily load curve is deeply aggravated, and the peak-valley difference in case 2 increases to 1.402 MW. Compared with case 2, the load peak valley difference in case 5 is reduced by 12.5% with the coordinated charging of PEVs. From Figure 12 , it can be observed that after the optimal charging, the increased charging load at rush hour can be reduced and transferred to other moments, which shows the effectiveness of the coordinated charging strategy in reducing the peak valley difference. 
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Conclusions
This paper proposes a spatial and temporal optimization strategy for PEV charging to mitigate impacts on the distribution network, in which the moving characteristics and charging habits of PEV owners are taken into account. Based on trip chain, the spatial and temporal distribution of PEVs is analyzed and then a stochastic optimization model for PEV charging is established to minimize the distribution network power loss (DNPL) and maximal voltage deviation (MVD). The particle swarm optimization (PSO) algorithm with an embedded power flow program is adopted to solve the optimization problem by shifting the charging load of PEVs in different locations. According to the simulation results, the proposed strategy is feasible and effective. It can reduce power loss and improve voltage profile greatly as well as reduce the peak valley difference. Our future work will consider the demand response measures to meet the charging demand of PEVs.
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